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ABSTRACT: To improve the accuracy and stability of parameter identification for permanent magnet synchronous motor (PMSM) drives,
which are affected by the dead-time nonlinearity of the voltage source inverter (VSI), this study presents an enhanced Black-winged Kite
Algorithm (BKA) integrated with 5th- and 7th-order harmonic voltage compensation. Initially, harmonic compensation targeting the 5th
and 7th voltage components is introduced to suppress the detrimental influence of the VSI dead time on both identification precision
and operational stability. Subsequently, a Good Point Set-based initialization approach is adopted to distribute the initial population
more evenly across the search domain, which contributes to improved population diversity and algorithmic consistency. In addition, the
Thinking Innovation Strategy (TIS) is embedded into the exploration stage of the black-winged kite algorithm to strengthen its global
optimization capability. Experimental investigations across different operating scenarios demonstrated that the proposedmethod achieved
superior effectiveness and improved performance.

1. INTRODUCTION

Driven by the rapid advancement of electric vehicles,
aerospace technologies, and robotic systems, permanent

magnet synchronous motors (PMSMs) have been widely
adopted as core actuators because of their outstanding char-
acteristics, including high power density, broad speed control
capability, and excellent dynamic performance [1, 2]. How-
ever, the control performance of PMSMs depends heavily on
the accuracy of the motor mathematical model parameters [3–
6]. During actual operation, the electrical parameters of PMSM
are not constant. The stator resistance varies with ambient
temperature, and the stator inductance exhibits nonlinear
characteristics owing to the magnetic saturation effect. The
flux linkage is affected by temperature and demagnetizing
current [7]. In addition, the dead-time effect of the voltage
source inverter (VSI) further degrades the accuracy and
stability of parameter identification [8].
Currently, parameter identification methods mainly include

offline identification and online identification [9]. Offline iden-
tification estimates motor parameters by applying specific volt-
age or current excitation signals while the motor is stationary or
before no-load startup. Such methods are executed only once
before motor startup or during maintenance; therefore, they
cannot track parameter changes during operation, such as re-
sistance variation caused by temperature rise, inductance non-
linearity due to magnetic circuit saturation, or flux linkage at-
tenuation caused by permanent magnet demagnetization. On-
line identification refers to a class of methods that continu-
ously update motor parameters during normal motor operation
using real-time collected electrical signals. The most widely
used online identification methods include the least squares
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method [10, 11], extended Kalman filter [12], model refer-
ence adaptive system [13, 14], as well as optimization algo-
rithms [15, 16] and neural network algorithms [17]. Among
these approaches, optimization algorithms solve complex prob-
lems by mimicking the collective behavior and information-
sharing mechanisms of biological populations [18]. They have
been widely applied in optimization, machine learning, data
mining, and intelligent control. In the field of PMSM identi-
fication, swarm intelligence algorithms have demonstrated ex-
cellent application value [19]. An online particle swarm op-
timization (PSO)-based identification method was proposed
in [20]. Although it successfully identified motor parameters,
only two parameters could be estimated simultaneously be-
cause of model rank deficiency. In contrast, another PSO algo-
rithm was proposed in [21], which could accurately identify the
four parameters (Rs, Ld, Lq , ψf ) of the PMSM, but it did not
verify whether the results of multiple runs converged consis-
tently. An improved coati optimization algorithmwas proposed
in [22]. However, the nonlinear effects introduced by the VSI
were not considered, leaving room for further improvement in
identification accuracy.
Currently, one of the main factors affecting the identification

accuracy and stability of optimization algorithms is inverter
nonlinearity. The inverter dead-time effect distorts the sampled
terminal signals and introduces significant harmonic compo-
nents. If the collected voltage is directly used for identification,
systematic bias is introduced [23]. To compensate for inverter-
induced identification errors, a dead-time compensation-based
identification method was proposed in [24]. In this method, the
dead time is directly added to the inverter, after which the mo-
tor parameters are accurately identified using a particle swarm
algorithm. The results show that, under both steady-state and
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dynamic conditions, this method achieved more accurate pa-
rameter identification and faster identification speed than the
uncompensated case. In contrast, the method proposed in [25]
directly estimates the dead-time voltage to improve parameter-
identification accuracy. However, due to model constraints,
this method is only applicable to SPMSMs (Surface-Mounted
Permanent Magnet Synchronous Motors). Most existing meth-
ods rely on accurate dead-time models to compensate for non-
linear effects, which are not suitable for various operating con-
ditions [26].
Black-winged Kite Algorithm (BKA) is a recently devel-

oped swarm intelligence optimization method derived from
the predatory behaviors of black-winged kites observed in na-
ture [27]. By simulating hovering, patrolling, attacking, and
migration behaviors, BKA can efficiently solve complex opti-
mization problems. The results reported in [28] indicate that
the improved BKA performs well for multiple complex engi-
neering design problems. The unmanned aerial vehicle (UAV)
path-planning problemwas addressed using an improved black-
winged kite algorithm integrated with chaotic mapping and
Gaussian mutation techniques [29]. In [30], BKA was com-
binedwith amachine-learning predictionmodel, demonstrating
its strong generalization capability.
Although various BKA variants have been proposed by in-

tegrating different enhancement strategies, these methods are
mainly designed for general numerical optimization problems.
Their improvements are generally problem-independent and do
not explicitly consider the characteristics of PMSM parameter
identification, such as multimodal objective functions and the
need for stable convergence with repeated identification tasks.
Therefore, directly applying existing improved BKA to PMSM
parameter identification may not fully exploit their optimiza-
tion potential.
To improve the parameter-identification accuracy and con-

vergence performance of PMSMs, this study proposes a BKA-
based identification method with compensation for inverter
nonlinearity. The primary contributions of this work are sum-
marized as follows:
1) A 5th- and 7th-order harmonic voltage compensation strat-

egy was proposed to suppress the influence of inverter non-
linearity on PMSM parameter identification. The proposed
method does not require an explicit inverter model, offering im-
proved identification performance with broad applicability.
2) The Good Point Set (GPS) initialization strategy was in-

corporated into the BKA to generate a more uniformly dis-
tributed initial population. Considering the significant differ-
ences in the magnitudes of PMSM parameters, this strategy im-
proved the coverage of the search space and reduced the risk
of premature convergence caused by uneven initial population
distribution.
3) A Thinking Innovation Strategy was incorporated into the

attack phase of the black-winged kite to enrich the search tra-
jectories and enhance the balance between exploration and ex-
ploitation, thereby improving the convergence efficiency of the
algorithm.
Experimental results demonstrate that, under VSI nonlinear-

ity, the proposed method achieves higher identification accu-

racy and faster convergence under steady-state conditions, par-
ticularly in the low-speed operating region.

2. MATHEMATICAL MODEL OF PMSM AND PARAM-
ETER IDENTIFICATION MODEL

2.1. Mathematical Model of PMSM
In the d-q axis coordinate system, the voltage equations for an
ideal PMSM can be expressed as follows:{

ud = Rsid + Ld
did
dt − ωeLqiq

uq = Rsiq + Lq
diq
dt + ωeLdid + ωeψf

(1)

where ud, uq , id, and iq denote the d-q axis stator voltages and
stator currents, respectively;Rs, ωe, Ld, and Lq denote the sta-
tor resistance, electrical angular velocity, d-axis stator induc-
tance, and q-axis stator inductance, respectively; ψf is the per-
manent magnet flux linkage.
For conventional vector control, the id = 0 control strategy

is generally adopted to reduce motor losses and improve the
system power factor. Themathematical equations of the PMSM
under vector control are as follows:{

ud = Rsid − ωeLqiq

uq = Rsiq + ωeLdid + ωeψf

(2)

Equation (2) represents an underdetermined system contain-
ing four parameters (Rs, Ld, Lq , ψf ) with a rank of two.
Consequently, this system possesses an infinite number of so-
lutions, making it impossible to identify the four parameters
uniquely.

2.2. Parameter Identification Model
To construct a fully determined system, an alternating control
mode between id = 0 and id = −2 is adopted. As shown
in Fig. 1, this is implemented by periodically injecting a nega-
tive step current of id = −2 into the d-axis. Parameter identi-
fication for a single cycle is achieved by transmitting the col-
lected data to the intelligent optimization algorithm, and the du-
ration of data acquisition can be adjusted according to different
requirements. For parameter identification, the data collected
during each cycle are transmitted to the host computer, where
the optimization algorithm is executed.

FIGURE 1. Sampling period diagram.

434 www.jpier.org



Progress In Electromagnetics Research C, Vol. 171, 433–446, 2026

FIGURE 2. Schematic diagram of parameter identification.

By collecting an equal number of data points under both the
id = 0 and id = −2 operating states, a fourth-order fully-
determined discrete system of equations can be obtained as fol-
lows:

ud0 (k) = −ωe0 (k)Lqiq0 (k)

uq0 (k) = Rsiq0 (k) + ωe0 (k)ψf

ud1 (k) = Rsid1 (k)− ωe1 (k)Lqiq1 (k)

uq1 (k) = Rsiq1 (k) + ωe1 (k) (Ldid1 (k) + ψf )

(3)

Data with the subscript “0” are collected under the control
strategy with id = 0, while data with the subscript “1” are
obtained under the control strategy with id = 2. The terms
ud0(k), uq0(k), iq0(k), and ωe0(k) represent the k-th sampled
data during the 0-t1 period, whereasud1(k), uq1(k), iq1(k), and
ωe1(k) represent the k-th sampled data during the t1-t2 periods.
Based on the motor model, the mathematical model of the

adjustable model is as follows:

ûd0 (k) = −ωe0 (k) L̂qiq0 (k)

ûq0 (k) = R̂siq0 (k) + ωe0 (k) ψ̂f

ûd1 (k) = R̂sid1 (k)− ωe1 (k)Lqiq1 (k)

ûq1 (k) = R̂siq1 (k) + ωe1 (k)
(
L̂did1 (k) + ψ̂f

) (4)

In the adjustable model, the d-axis and q-axis stator voltages
are denoted as ûd0(k), ûq0(k), ûd1(k), and ûq1(k); the stator
resistance is denoted as R̂s; the d-axis and q-axis stator induc-
tances are denoted as L̂d and L̂q; the permanent magnet flux
linkage is denoted as ψ̂f .
In the PMSM vector control system, the fitness function can

be formulated as follows:

Fitness = (ud0 − ûd0)
2
+ (uq1 − ûq1)

2 (5)

The inputs to both the reference and adjustable model are
ud, uq, id, iq , ωe, and ud and uq are also the outputs. A fitness
function was employed to evaluate the difference between the
outputs of the two models. The principle of parameter identifi-
cation is illustrated in Fig. 2. The Good-point-set and Thinking-
enhanced Black-winged Kite Algorithm (GTBKA) minimizes

the fitness function by continuously updating the parameters of
the adjustable model. The iterative process continues until the
stopping criterion is satisfied. The resistance, inductance, and
flux linkage obtained at this stage can be regarded as the iden-
tified parameter values of the system.
Figure 3 presents a flowchart of the PMSM parameter iden-

tification process. The entire procedure, from the acquisition
of electrical signals to the output of the identification results, is
illustrated.

FIGURE 3. Flowchart of the parameter identification process.
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FIGURE 4. Diagram of the harmonic current conversion module.

3. 5TH AND 7TH HARMONIC COMPENSATION
The nonlinearity of the VSI introduces significant harmonic
components into the PMSM current, particularly the 5th- and
7th-order harmonics. Because the parameter-identification
model is established under ideal inverter conditions, harmonic
disturbances degrade the quality of the collected signals used
for identification. Consequently, both the estimation accuracy
and convergence stability of the algorithm are adversely af-
fected. To suppress the impact of VSI nonlinearity on the iden-
tification process, this study proposes a compensation approach
based on the injection of 5th- and 7th-order harmonic compo-
nents. Consequently, both the accuracy and stability of the pa-
rameter identification were effectively improved.
The steady-state voltage equation of the 5th harmonic in the

dq-axis is given as follows:

{
ud5th = 5ωLqiq5th +Rsid5th

uq5th = −5ωLdid5th +Rsiq5th
(6)

where ud5th and uq5th are the 5th harmonic voltage on the d-
axis and q-axis, respectively. Similarly, id5th and iq5th are the
5th harmonic currents on the d-axis and q-axis, respectively.
The steady-state voltage equation of the 7th harmonic in the

dq-axis is as follows:

{
ud7th = −7ωLqiq7th +Rsid7th

uq7th = 7ωLdid7th +Rsiq7th
(7)

where ud7th and uq7th are the 7th harmonic voltage on the d-
axis and q-axis, respectively. Similarly, id7th and iq7th are the
amplitudes of the 7th harmonic current on the d-axis and q-axis,
respectively.
As shown in Fig. 4, the 5th and 7th harmonics are extracted

from the three-phase currents using the harmonic voltage com-
pensation module. Through calculations based on the steady-
state equations of the harmonic voltages, ud5th, uq5th, ud7th, and
uq7th are obtained.
The compensation voltage is given as:

{
uα_com = uα5th + uα7th

uβ_com = uβ5th + uβ7th
(8)

The compensation voltages ua_com and uβ_com are respectively
added to the voltage signals. By doing so, the random distur-
bances in the inputs of the algorithm are reduced, and the col-
lected data are made closer to those of the ideal model.

4. GTBKA

4.1. BKA
The Black-winged Kite Algorithm (BKA) is an efficient and
lightweight metaheuristic optimization technique established
by mimicking the hunting strategies and migration patterns of
black-winged kites in nature [27]. In the attack phase, different
hunting strategies are employed to achieve global exploration
in the search domain. Themathematical formulation describing
this process is as follows:

yi,jt+1 =

{
yi,jt +m (1 + sin (rand))× yi,jt g < rand
yi,jt +m× (2rand− 1)× yi,jt else

(9)

m = 0.05× e−2×( t
T )

2

(10)
where yi,jt and yi,jt+1 are the location of the ith individual in the
jth dimension at iteration steps t and t + 1, respectively; pa-
rameter rand denotes a uniformly distributed random variable
in the interval [0, 1]; g is a fixed constant with a value of 0.9; T
represents the maximum number of iterations; and t indicates
the current iteration number.
In Eq. (9), the position-update behavior of the black-winged

kite is modeled under two hunting scenarios: prey detection
and dive attack. The parameter m represents the attack step
size, which gradually decreases with the iteration number. This
mechanism enables a smooth transition from global exploration
to local exploitation. The search process alternates between
random sinusoidal perturbation and random positive-negative
perturbation. This mechanism helps balance exploration and
exploitation throughout the optimization process.
Figure 5 illustrates themigration process of the black-winged

kite population. If the fitness value of the current leader is lower
than that of a randomly selected individual, it abandons its lead-
ership role and rejoins the migrating population. This indicates

FIGURE 5. Migration phase of the black-winged kites.
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(a) (b)

FIGURE 6. Comparison diagram of population distribution. (a) Good point set initialization and (b) random initialization.

that it can no longer effectively guide population evolution. In
contrast, if the current leader exhibits a better fitness value than
the randomly selected individual, it maintains its leadership sta-
tus and continues guiding the population toward the target loca-
tion. The migration behavior of the black-winged kite is math-
ematically formulated as follows:

yi,jt+1=

 yi,jt + C (0, 1)×
(
yi,jt − Lj

t

)
Fi < Fri

yi,jt + C (0, 1)×
(
Lj
t − v × yi,jt

)
else

(11)

v = 2× sin (rand+ π/2) (12)
where Lj

t represents the leader’s location in dimension j at iter-
ation t; yi,jt and yi,jt+1 represent the positions of the ith individual
in the jth dimension at iteration t and t+ 1, respectively; Fi is
the fitness value of the black-winged kite’s current position at it-
eration t; Fri represents the fitness value of a randomly selected
location within the same dimension and iteration; C(0, 1) de-
notes the Cauchy mutation. When δ = 1 and µ = 0, its prob-
ability density function becomes the standard form, expressed
as:

f (x, δ, µ) =
1

π

1

x2 + 1
, −∞ < x <∞ (13)

4.2. Good Point Set
The Good Point Set (GPS) is a number-theory-based technique
used to enhance the initialization distribution of population
individuals. By employing specific mathematical construc-
tion rules, GPS generates uniformly distributed sample points
across the search space. This improves the search capability,
solution accuracy, and algorithm stability. Let Gs be the unit
cube in the s-dimensional Euclidean space. The set Pn(k) is
defined as:

Pn(k) =
({
q
(n)
1 · k

}
,
{
q
(n)
2 · k

}
, . . . ,

{
q(n)s · k

})
,

1 ≤ k ≤ s (14)

The deviation of this point set satisfies φ(n) =
C(r, ε)n−1+ε, where C(r, ε) is a constant that depends
only on r and ε (with ε > 0). Then, Pn(k) is called a good
point set.

ri = 2 cos
2πi

p
, 1 ≤ i ≤ s (15)

where p is the smallest prime number that satisfies the condition
(p− 3)/2 ≥ s.
The redefined strategy for initial population generation in the

BKA is defined as follows:

Xi = (BKub −BKlb) ·
{
r
(i)
j · k

}
+BKlb (16)

where BKlb and BKub represent the lower and upper bound-
ary values of the jth dimension corresponding to the ith black-
winged kite, respectively.
Figure 6 presents a comparison of the population distribu-

tions in a two-dimensional search domain obtained using the
GPS initialization method and the traditional random initializa-
tion approach. The BKA conventionally initialized population
exhibits obvious aggregation in certain areas, leading to an un-
even spatial distribution. By contrast, the population generated
using the GPS method is dispersed more uniformly across the
entire search space. As a result, the diversity of the initial popu-
lation is significantly improved, which helped prevent the algo-
rithm from prematurely converging to local optima caused by
insufficient population diversity. Random initialization often
leads to large variations in optimization results across repeated
runs. In contrast, the GPS-based approach provides a stable and
consistent initial population for each run, thereby improving the
stability and accuracy of parameter identification.

4.3. Thinking Innovation Strategy
In the early stage of optimization, BKA exhibits strong global
search capability and rapidly explores the search space. How-
ever, individuals rapidly converge toward the current best so-
lution, reducing population diversity and increasing the risk of
premature convergence to local optima. Consequently, the ac-
curacy and stability of parameter identification are degraded.
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To address the issues, a Thinking Innovation Strategy (TIS)
mechanism is designed in the attack phase of BKA in this study.
Through an innovative update mechanism guided by superior
individuals, the search capability is enhanced, and the ability
of the algorithm to escape from local optima is improved [31].
In the attack phase of the black-winged kite, hovering be-

havior is primarily employed for global exploration to search
for and attack prey. During this process, the entire search re-
gion is explored, and hovering is performed near areas where
prey is more likely to appear, namely around the current best
position. This strategy assumes that the black-winged kite im-
itates human innovative thinking during the hunting process.
Human problem solving generally relies on two categories of
accumulated knowledge and experience. One category is ini-
tially relied upon by the brain, whereas the other is gradually
accumulated through personal experience.
The expression of Depth of Knowledge (DOK) is given as

follows:

DOK1 = Z +

(
t

T

)0.5

(17)

DOK2 = t10 (18)
DOK = DOK1+ DOK2 (19)

DOK1 represents knowledge and experience accumulated over
time; DOK2 represents continuous acquisition and storage of
information; Z is a constant with a value of 0.5; t denotes the
current number of iterations; T denotes the maximum number
of iterations.
In addition to accumulated knowledge and experience, hu-

mans solve problems through imagination, namely the ability
to generate new solutions by reorganizing perceptual informa-
tion in innovative ways. During the innovation phase, the posi-
tion of the black-winged kite is mainly updated according to the
variations of previously identified superior individuals. Imag-
ination (IM) can be understood as the capacity to form novel
images through the creative recombination of perceptual mate-
rials. The expression of IM is given as follows:

IM = π × Lj
t × rand (20)

where IM represents the innovation factor, which is used to gen-
erate adaptive nonlinear search directions through the tangent
mapping.
The update formula of the GTBKA integrated with the

Thinking Innovation Strategy during the hovering phase is as
follows:

yi,jt+1 =



yi,jt +m (1 + sin (rand))×
(
tan

(
IM− π

2

)
+
(

yi,j
t

DOK + Lj
t

))
g < rand

yi,jt +m (2rand− 1)×
(
tan

(
IM− π

2

)
+
(

yi,j
t

DOK + Lj
t

))
else

(21)

In the BKA, the attack phase primarily relies on an update
mechanism based on proportional perturbation of the current

position. In contrast, after the TIS is incorporated, the attack
phase is enhanced. Nonlinear jumps are utilized to increase
population diversity. Information from the leader is employed
to improve search directionality. The search scale is dynami-
cally adjusted through the DOK.

5. IDENTIFICATION WITH GTBKA
The flowchart of the GTBKA is shown in Fig. 7. In the popu-
lation initialization stage, the good point set is adopted by the
algorithm. In the attack stage, the TIS is designed for spatial
search. The position update is then continued in the migration
stage. Finally, the best individual position is output. Each di-
mension of the position corresponds to a PMSM parameter re-
sult.

6. EXPERIMENTAL RESULTS
To verify the effectiveness of the proposed approach, a
hardware-in-the-loop simulation platform for PMSM was
established based on the RT-LAB real-time simulator. The
control algorithm is implemented using a TMS320F2812 DSP
controller. The configuration of the RT-LAB experimental
platform is illustrated in Fig. 8 and Fig. 9. During the experi-
ment, the collected data were transmitted to the host computer,
where the proposed algorithm was executed to accomplish
parameter identification.
In this experiment, six algorithms are selected for compar-

ative evaluation. For algorithms marked with the subscript
“com”, harmonic compensation is adopted. GBKA (Good-
point-set-based Black-winged Kite Algorithm) is an improved
version of the BKA algorithm. Its initialization is carried out
using the GPS. The search ranges for PSO, WOA (Whale Opti-
mization Algorithm), BKA, BKA_com, GBKA_com, and GT-
BKA_com are set identically. The number of iterations is fixed
at 200. To ensure that each algorithm is able to converge to a so-
lution within the same iteration count most of the time, for PSO
and WOA (Whale Optimization Algorithm) [32], the popula-
tion size is set to 200, and for BKA, BKA_com, GBKA_com,
and GTBKA_com, the population size is set to 50. To ensure
statistical reliability and reduce the influence of randomness,
each algorithm is independently executed 30 times. The re-
ported average values, as well as the corresponding maximum
and minimum errors, are calculated from these 30 independent
runs.
The PMSM vector control system model is executed in RT-

LAB, and the vector control system is shown in Fig. 10. The
PMSM parameters are shown in Table 1.

TABLE 1. The parameters of PMSM.

Parameter Value Parameter Value
Pole Pairs 4 ψf (Wb) 0.08
Rs (Ω) 0.29 Rated Torque (N·m) 50
Ld (mH) 0.206 Rated Speed (rpm) 3000
Lq (mH) 0.550 Rated Power (kW) 1.0
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FIGURE 7. The flowchart of GTBKA.

TABLE 2. Rs identification results in general situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average Rs (Ω) 0.2203 0.2271 0.2699 0.3004 0.2998 0.2983

Maximum Error (%) 30.7652 256142 85139 5.5993 43846 2.8807
Minimum Error (%) 22.1586 153910 50405 3.0658 30397 28806

TABLE 3. Ld identification results in general situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average Ld (mH) 0.1587 0.1836 0.1936 0.1988 0.2121 0.211

Maximum Error (%) 28.3889 17.6843 133327 4.7464 4.8208 24788
Minimum Error (%) 20.0575 6.8264 36441 24797 26081 24744

6.1. General Situation

The results in Tables 2–5 indicate that the original BKA is
more suitable for PMSM parameter identification than PSO
and WOA. However, its identification accuracy remains infe-
rior to that of the improved algorithms. Specifically, the max-
imum error for Ld reaches 13.3327%, and a large fluctuation
range is also observed. This phenomenon is mainly attributed

to the modeling errors introduced by VSI nonlinearity. After
harmonic compensation, both the identification accuracy and
stability of BKA_com are improved. With the incorporation
of the Good Point Set strategy, the convergence accuracy, con-
vergence speed, and stability are further enhanced. In particu-
lar, the minimum error of each parameter approaches the cur-
rent optimum, although slight instability remains. By further
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TABLE 4. Lq identification results in general situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average Lq (mH) 0.5504 0.5505 0.5505 0.5503 0.5501 0.5500

Maximum Error (%) 0.5948 0.9043 0.1289 0.0997 0.0255 0.0049
Minimum Error (%) 0.0809 0.0925 0.394 0.047 0.047 0.047

TABLE 5. ψf identification results in general situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average ψf (Wb) 0.0858 0.0852 0.0817 0.0792 0.0793 0.0793

Maximum Error (%) 10.9811 149336 25974 15575 12954 0.8390
Minimum Error (%) 1.5284 3.3100 13769 0.8275 0.8504 0.8371

FIGURE 8. Experimental equipment.

incorporating the Thinking Innovation Strategy, GTBKA_com
achieves the highest identification accuracy among the four al-
gorithms. The average identification results of GTBKA_com
are 0.2983Ω forRs, 0.2110mH for Ld, and 0.0793Wb for ψf ,
with the highest accuracy attained forLq . Moreover, the results
obtained from multiple independent runs are nearly identical,
and the difference between the maximum and minimum errors
is controlled within 0.01%. Therefore, GTBKA_com provides
an effective solution for high-precision online PMSM param-
eter identification, particularly in applications requiring both
high accuracy and strong stability.
Figure 11 shows the iterative convergence curves of the mo-

tor parameters under general conditions.
Figure 11 illustrates the convergence curves of the motor pa-

rameters under general conditions. Among all the compared al-
gorithms, GTBKA_com achieves the highest identification ac-
curacy and the fastest convergence speed, with almost no fluc-
tuations observed during the later iterations. By contrast, PSO
and WOA exhibit relatively poor convergence performance.
Both algorithms tend to become trapped in local optima during
the early stages of the search process, making it difficult to fur-
ther approach the global optimum. The BKA exhibits limited
capability in escaping from local optima during the identifica-
tion process, which slows down convergence and results in un-
stable identification outcomes. After harmonic compensation

FIGURE 9. RT-LAB experimental platform.

is introduced, the parameter identification accuracy is signifi-
cantly improved, and convergence stability is enhanced, espe-
cially for Rs. However, the inherent shortcomings of the algo-
rithm are only partially alleviated and still present. Compared
with BKA_com, GBKA_com adopts the Good Point Set as a
fixed and uniform initialization strategy, enabling the algorithm
to rapidly converge toward the vicinity of the reference values
while reducing fluctuations in the identification results. After
incorporating the Thinking Innovation Strategy, the advantages
of the Good Point Set are retained, while the identification ac-
curacy is further improved, enabling the algorithm to converge
within approximately 50 iterations. More importantly, the iden-
tification results become considerably more stable, and the al-
gorithm is less likely to converge erroneously during the later
stages of iteration.
Table 6 shows that the execution time of GTBKA is 0.0535 s,

which is only slightly higher than that of BKA due to the ad-
ditional search strategies. GTBKA remains considerably faster
than PSO and WOA. Considering that PMSM parameters vary
much more slowly than the sampling period, the running time
of the algorithm is also shorter than the sampling period. There-
fore, the execution time of 0.0535 s indicates that the proposed
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TABLE 6. Execution time.

Algorithm PSO WOA BKA BKA_com GBKA_com GTBKA_com
Running time 0.1536 s 0.1076 s 0.0425 s 0.0400 s 0.0427 s 0.0535 s

TABLE 7. Rs identification results in low-speed situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average Rs (Ω) 0.2087 0.3795 0.2870 0.2844 0.2850 0.2907

Maximum Error (%) 48.1614 34.9990 156573 37326 36934 0.2456
Minimum Error (%) 10.2629 26.5370 0.9409 18435 0.3502 0.2387

TABLE 8. Ld identification results in low-speed situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average Ld (mH) 0.3280 0.2677 0.1525 0.1935 0.1948 0.1980

Maximum Error (%) 63.8660 50.4671 325379 71861 58220 3.9023
Minimum Error (%) 37.1851 11.6266 257328 30194 39749 3.8412

FIGURE 10. Model of the PMSM vector control system.

GTBKA possesses preliminary real-time capability for online
parameter identification under the investigated steady-state op-
erating conditions.

6.2. Low-Speed Situation

When the motor operates in the low-speed region, the back
electromotive force becomes weak, thereby reducing the ac-
curacy of parameter identification. In addition, the influence
of VSI nonlinearity becomes more pronounced, resulting in
larger identification errors. To validate the identification per-

formance of the proposed algorithm in the low-speed region,
the algorithm was executed for identification at a motor speed
of 300 r/min. The identification results of the compared al-
gorithms are presented in Tables 7–10, and the convergence
curves for each parameter are shown in Fig. 12.
Under low-speed operating conditions, PSO and WOA ex-

hibit relatively poor parameter identification performance. For
Rs and Ld, the maximum errors of PSO reach 48.1614% and
63.8660%, respectively, while those of WOA reach 34.9990%
and 50.4671%, indicating that both algorithms are highly sus-
ceptible to the weakened back electromotive force and inverter
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(a)

(b)

(c)

(d)

FIGURE 11. Convergence curves of the parameters under general conditions. (a) Rs convergence process, (b) Ld convergence process, (c) Lq

convergence process, and (d) ψf convergence process.

442 www.jpier.org



Progress In Electromagnetics Research C, Vol. 171, 433–446, 2026

(a)

(b)

(c)

(d)

FIGURE 12. Convergence curves of the parameters under low-speed conditions. (a) Rs convergence process, (b) Ld convergence process, (c) Lqs

convergence process, and (d) ψf convergence process.
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TABLE 9. Lq identification results in low-speed situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average Lq (mH) 0.5718 0.5008 0.5363 0.5530 0.5536 0.5500

Maximum Error (%) 8.9384 15.4340 28615 0.9819 10591 0.674
Minimum Error (%) 0.6797 7.2596 0.8180 0.4577 0.662 0.638

TABLE 10. ψf identification results in low-speed situation.

Parameter PSO WOA BKA BKA_com GBKA_com GTBKA_com
Average ψf (Wb) 0.0930 0.646 0.0802 0.808 0.805 0.795

Maximum Error (%) 194928 35.4958 16866 13075 0.7583 0.6945
Minimum Error (%) 5.7835 12.5900 0.2763 0.6724 0.6570 0.6511

nonlinearity in the low-speed region. Although acceptable
identification accuracy can occasionally be achieved in indi-
vidual runs, the large differences between the maximum and
minimum errors demonstrate insufficient convergence stabil-
ity.
Compared with PSO andWOA, the BKA achieved improved

identification performance under low-speed operating condi-
tions. However, the identification errors of the inductance pa-
rameters remained relatively large. In particular, for Lq , the
maximum error reaches 32.5379%, and the minimum error is
25.7328%, indicating poor consistency in overall parameter
identification. This phenomenon is mainly attributed to the
weak back electromotive force in the low-speed region, which
reduces the identifiability of the inductance parameters. More-
over, the weakened back electromotive force becomes more
susceptible to the influence of the dead-time effect. After
the 5th- and 7th-order harmonic compensation is introduced,
the difference between the maximum and minimum errors of
BKA_com can be controlled within 5%. Specifically, the max-
imum error of Ld is reduced to 7.1861%, and that of Lq is re-
duced to 0.9819%. The error of each parameter can be con-
trolled within 8%. These results indicate that the proposed 5th-
and 7th-order harmonic compensation method significantly im-
proves the identification performance of Ld and Lq in the low-
speed region, while the identification capability of the algo-
rithm is further enhanced after harmonic compensation. With
GTBKA_com, the identification results obtained from multi-
ple runs converge to nearly identical values, and the differ-
ence between the maximum and minimum errors of ψf is only
0.0434%. Moreover, among all the algorithms, GTBKA_com
yields the most accurate convergence results except for ψf .
Analysis of the six convergence curves shows that PSO

and WOA exhibit relatively weak search capability under low-
speed operating conditions. Under low-speed conditions, BKA
is also highly susceptible to inverter dead-time effects, resulting
in slow convergence and increased tendency to become trapped
in local optima. After the introduction of 5th- and 7th-order
harmonic compensation, the stability of parameter identifica-
tion is significantly improved, while the number of iterations
required for convergence is reduced. By further incorporat-
ing the proposed strategy, both the global search capability and

the parameter convergence performance of the algorithm are
further enhanced. GTBKA_com converges rapidly and stabi-
lizes near the reference values within approximately 50 itera-
tions, exhibiting the smallest fluctuations throughout the con-
vergence process. These results demonstrate that the proposed
algorithm also exhibits superior parameter identification capa-
bility for PMSMs under low-speed operating conditions.

7. CONCLUSION

This study addresses the degradation of parameter-
identification performance caused by VSI nonlinearities.
To address this issue, an enhanced BKA with harmonic
compensation is developed to identify the stator resistance,
inductances, and flux linkage of PMSMs. Based on the theo-
retical derivations and experimental investigations conducted
under different operating conditions, the following conclusions
can be obtained:
(1) The proposed harmonic compensation method dynami-

cally compensates the 5th- and 7th-order harmonics, thereby
reducing the influence of VSI nonlinearities on the sampled sig-
nals.
(2) The Good Point Set initialization mechanism is incor-

porated into the algorithm to construct a uniformly distributed
fixed initial population within the search domain. Experimental
comparisons indicate that the proposed GBKA_com not only
accelerates the convergence process but also further improves
the accuracy and robustness of parameter identification.
(3) A Thinking Innovation Strategy is incorporated into the

attack phase of BKA, enabling the optimization process to
mimic human-like problem-solving behavior during hunting.
Experimental results demonstrate that, under the investigated

steady-state operating conditions affected by VSI nonlinear-
ity, particularly in the low-speed steady-state region, the pro-
posed strategy can effectively suppress identification fluctua-
tions while further improving convergence speed and identifi-
cation accuracy. In future work, the proposed method will be
extended to dynamic operating conditions and integrated with
adaptive control strategies to validate its effectiveness in prac-
tical PMSM drive systems.
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